Presently, visual and quantitative approaches for image-supported diagnosis of dementing disorders rely on regional intensity rather than on connectivity measurements. Here, we test metabolic connectivity for differentiation between Alzheimer's disease and frontotemporal lobar degeneration. Positron emission tomography with 18F-fluorodeoxyglucose was conducted in 47 patients with mild Alzheimer's disease, 52 patients with mild frontotemporal lobar degeneration, and 45 healthy elderly subjects. Sparse inverse covariance estimation and selection were used to identify patterns of metabolic, inter-subject covariance on the basis of 60 regional values. Relative to healthy subjects, significantly more pathological within-lobe connections were found in the parietal lobe of patients with Alzheimer's disease, and in the frontal and temporal lobes of subjects with frontotemporal lobar degeneration. Relative to the frontotemporal lobar degeneration group, more pathological connections between the parietal and temporal lobe were found in the Alzheimer's disease group. The obtained connectivity patterns differentiated between two patients groups with an overall accuracy of 83%. Linear discriminant analysis and univariate methods provided an accuracy of 74% and 69%, respectively. There are characteristic patterns of abnormal metabolic connectivity in mild Alzheimer's disease and frontotemporal lobar degeneration. Such patterns can be utilized for single-subject analyses and might be more accurate in the differential diagnosis of dementing disorders than traditional intensity-based analyses.
Introduction
There is increasing evidence that neurodegenerative dementias represent diseases of neural networks, with distinct patterns of disconnection being found in different dementing disorders. 1 Thus, damage to specific neural tracts was reported in Alzheimer's disease (AD) and frontotemporal dementia (FTD), 2 two most common types of presenile dementia. Similarly, functional magnetic resonance imaging (fMRI) studies have pronounced divergent changes in resting state networks between AD and FTD. 3 So far, however, the connectivity information has not been tested for purposes of differential diagnosis.
Positron emission tomography with 18F-fluorodeoxyglucose (FDG-PET) is a well-established tool for early and differential diagnosis of dementia. 4 Thus, dementia due to AD and frontotemporal lobar degeneration (FTLD) could be differentiated by means of FDG-PET with a high accuracy. 5, 6 In this context, both visual and quantitative analysis of PET images relies on identification of a characteristic spatial pattern of hypometabolism. These methods take into account intensity, or magnitude, of regional FDG-PET measurements, while information about interregional covariance is not considered.
In accord with growing interest in research on brain connectivity, recent studies have addressed the issue of covariance, or functional connectivity, 7 in FDG-PET data. To distinguish from functional connectivity as quantified with fMRI, hereafter we use the term ''metabolic connectivity.'' 8 Thus, plausible patterns of intersubject metabolic covariance have been reported in healthy individuals. [9] [10] [11] More relevant from the clinical perspective, a few recent FDG-PET studies have consistently reported abnormalities in metabolic covariance in patients with mild cognitive impairment (MCI) [12] [13] [14] and dementia due to AD. 13, 15 Yet, none of the studies above addressed individual subject analysis, a prerequisite for clinical applications.
Thus, the aim of the present work was to explore the value of metabolic connectivity in the differential diagnosis of mild AD and FTLD. To this end, we applied connectivity modeling in the form of sparse inverse covariance estimation (SICE) and selection (SICS).
Materials and methods Subjects
We retrospectively analyzed FDG-PET images from 47 patients with mild AD, 52 patients with mild FTLD, and 45 healthy elderly subjects (HS). Their demographic characteristics are summarized in Table 1 . The FTLD group included 35 patients with behavioral and 17 patients with language variants of FTLD. The AD group consisted of 30 patients with probable AD according to the NINCDS-ADRDA criteria 16 and 17 patients with MCI due to AD. 17 Evidence of AD pathology in these subjects was ensured by means of an abnormal PET scan with 11 C-Pittsburgh compound B. Mild AD was defined as an MMSE score of !21 points. 18 FTLD was diagnosed according to the Neary criteria. 19 Only subjects with an MMSE score of !22 were included. 20 The HS group consisted of elderly subjects without relevant psychiatric or neurological symptoms and no evidence for cognitive impairment. They were recruited mainly via advertisements in local newspapers.
This study was carried out in accordance with the latest version of the Declaration of Helsinki after the consent procedures had been approved by the local ethics committee of the medical faculty at the Technische Universita¨t Mü nchen. Written informed consent to the study was obtained from HS. The patients gave oral informed consent, since the FDG-PET examination was a part of a diagnostic work-up for suspected neurodegenerative disorder.
PET data acquisition and preprocessing
Details of image acquisition and pre-processing are reported elsewhere. 20 In brief, data were acquired under standard resting conditions using a Siemens ECAT EXACT HR þ PET scanner (CTI, Knoxville, Tennessee, USA). A sequence of three frames with duration of 10, 5, and 5 min was acquired starting 30 min post injection. FDG-PET images were spatially normalized to the Montreal Neurological Institute space using Statistical Parametric Mapping software (http:// www.fil.ion.ucl.ac.uk/spm/) implemented in Matlab 2013b (MathWorks Inc.). The brain was subdivided into 116 cortical volumes of interests (VOIs) using automated anatomical labeling (AAL) atlas (http:// www.gin.cnrs.fr). All VOIs within the frontal, parietal, and temporal lobes, i.e. those typically affected in AD and FTLD were included ( Table 2) . Mean values of tracer uptake were extracted from each VOI separately for the right and left hemisphere. These values were then intensity scaled to uptake in the whole brain, defined as mean intensity value of all 116 VOIs. 21 
Metabolic connectivity pattern
We considered a dataset X 2 R nÂp , where p variables denote regional tracer uptake values in selected VOIs and n samples are the number of acquired FDG-PET images. In analogy with previous studies, 11, 22 the data were assumed to follow a multivariate Gaussian distribution. That is, x 1 , . . . , x n $ N ðk, DÞ, where x i is a p-dimensional vector, i ¼ 1,. . ., n, k 2 R p is a mean vector, and D 2 R pÂp is a true covariance matrix that is unknown and has to be estimated. Let ? ¼ D À1 be a true inverse covariance (IC) matrix. Thereafter, we refer to an estimate? as a metabolic connectivity pattern. The standard approach to derive? is maximum likelihood estimation (MLE) of the true IC matrix ?. However, reliable MLE requires n ) p. Otherwise, the estimation method is ill-posed, carrying a large estimation error. 23 Therefore, a sparse estimation of ? is preferable. 11, 15 In brief, a sparse estimation of ? is robust when enough entries in? are set to zero. The amount of sparsity is controlled by regularization parameter . For the analyses below and visualization, we set a sparsity level of? equal to 0.1. That is, we explicitly set so that 10% of all entries in? are included in the analysis. For further classification, is derived using a maximum a posteriori probability (MAP) estimation method (see supplementary material for details). SICE is of particular advantage for studies with small n. 24, 25 However, due to the effect of shrinkage SICE is insufficiently robust for estimating values of non-zero entries, providing only a good estimation of (sparse) binary structure of?
To overcome this limitation, i.e. to estimate magnitudes of non-zero entries, we applied a constrained optimization algorithm 26 that fits the covariance to the predefined sparse binary structure of the estimated IC matrix. This procedure was denoted as SICS. SICS uses the principle of parsimony in parametric model fitting, and estimates covariance according to maximum entropy, maximum likelihood, existence and uniqueness. An example of the metabolic connectivity Table 2 . VOI labels according to the AAL atlas. Temporal lobe   1  Frontal_Sup_L  31  Parietal_Sup_L  43  Temporal_Sup_L  2  Frontal_Sup_R  32  Parietal_Sup_R  44  Temporal_Sup_R  3  Frontal_Sup_Orb_L  33  Parietal_Inf_L  45  Temporal_Pole_Sup_L  4  Frontal_Sup_Orb_R  34  Parietal_Inf_R  46  Temporal_Pole_Sup_R  5  Frontal_Mid_L  35  SupraMarginal_L  47  Temporal_Mid_L  6  Frontal_Mid_R  36  SupraMarginal_R  48  Temporal_Mid_R  7  Frontal_Mid_Orb_L  37  Angular_L  49  Temporal_Pole_Mid_L  8 Frontal_Mid_Orb_R pattern? with estimated coefficients ij for p ¼ 7 regions is shown in Figure 1 . Details about SICE and SICS are reported in the supplementary material.
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Metabolic correlation network is modeled from the sparse binary structure of the metabolic connectivity pattern structð?Þ; it can be represented as an undirected weighted graph. Graph nodes correspond to selected brain regions. Edge weights represent strengths of metabolic correlations between nodes as estimated by
. ., p, and i 6 ¼ j; ij are elements of matrixD. The metabolic correlation network can be represented graphically in at least two ways ( Figure 2 ).
Metabolic differentiation pattern
To characterize pathological changes in metabolic connectivity patterns and corresponding metabolic correlation networks of the AD and FTLD groups, we applied the algorithm presented in Figure 3 . The nullhypothesis H 0 stated that there was no pairwise difference between correlationsP ð1Þ ij andP ð2Þ ij at the same position (ij). Otherwise, the alternative hypothesis H 1 was accepted. After Fisher's z-transformation of PCCs, zcoefficients were compared between the patients and HS group. T-parameters of the Student's distribution for each compared pair of coefficients were calculated. p < 0.05 after correction by means of false discovery rate (FDR) 27 was considered significant. In addition, we counted the number of pathologically altered connections within and between lobes. Permutation tests with replacement 28 were performed in each group. Finally, a two-sample t-test was applied for hypothesis testing. We accepted the null-hypothesis H 0 that the number of connections for the group 1 (AD) is equal to their number for the group 2 (FTLD): n 1ij ¼ n 2ij , where i and j are the one of the lobes (frontal, parietal, or temporal). The alternative hypothesis H 1 was n 1ij 6 ¼ n 2ij . Computed p-values were adjusted for multiple tests by FDR.
Single-subject analysis
Here, metabolic connectivity patternÂ was used to differentiate between any two groups of subjects. After calculation of connectivity patternsÂ AD andÂ FTLD as described above, the following algorithm was applied. Let a new subject with unclear diagnosis (AD vs. FTLD) have an FDG-PET scan
. ., p, and p is the total number of investigated brain regions. Both the vector x and given datasets X AD and X FTLD follow a multivariate Gaussian distribution. The probability density of a new subject's scan x given a class Pðxj? class Þ can be computed using the equation for a multivariate Gaussian distribution. Thus, the likelihood functions of x having AD and FTLD can be written as P xj? AD ¼?
where k AD and k FTLD are the mean vectors of the datasets X AD and X FTLD , respectively.
The new subject x is classified as AD, if PðxjÂ AD Þ 4 PðxjÂ FTLD Þ, and as FTLD otherwise. The same procedure was applied for differentiation of patients from healthy subjects. Of note, this procedure can be easily adopted for classification of three and more groups. 
Reference methods
Diagnostic performance of the present methodology was compared with that of a widely used multivariate method such as linear discriminant analysis (LDA) 3, 6, 29 and with a straightforward univariate method based on the t-test. 30 In LDA, covariance was estimated using MLE. In the univariate method, the region with the largest difference between two groups was used for differentiation. 30 In addition, we performed SICE 10% of all entries are considered for sparse estimation of IC matrix. Each row (column) in the matrix corresponds to one of the 60 VOIs. A colored cell corresponds to an edge, i.e. to a metabolic connection between two VOIs. Each matrix contains internally three highlighted black squares that denote brain lobes. Magenta and green cells denote pathological (i.e. significantly altered) and healthy connections (correlations), respectively. AD: Alzheimer's disease; FTLD: frontotemporal lobar degeneration; HS: healthy elderly subjects. alone 15 and a regression tree. [31] [32] [33] The former was conducted on the analogy of Huang et al. 15 with a difference that the regularization parameter was derived using MAP. In the regression tree, all regions those intensities significantly differed between the groups (t-test, p < 0.01, FDR corrected) were included in the classification. Like the simple univariate method above, this technique does not take into account the covariance information.
The same data were used as input to all statistical analyses. In all analyses leave-one-out cross-validation was applied.
Results
Metabolic differentiation patterns are presented in Figures 4 and 5 . A pathological metabolic connection indicates that the correlation between two given regions significantly (p < 0.01 FDR corrected) differs from the same correlation in the HS group. In the AD group, pathologically altered were on average 6%, 60%, and 27% of connections within the frontal, parietal, and temporal lobe, respectively. In the FTLD group, corresponding values were 22%, 0%, and 52%. Distribution of abnormal connections within and between lobes is presented in Figure 6 . Relative to the HS group, more pathological within-lobe connections were found in the parietal lobe of AD subjects, while in the frontal and temporal lobes of FTLD subjects (p < 0.01 FDR corrected). In addition, more pathological connections between the parietal and temporal lobe were found in the AD relative to FTLD group (p < 0.01 FDR corrected).
Results of the differentiation by means of the proposed approach, LDA and univariate method are Figure 6 . Distribution of pathological metabolic connections as presented by box-plots. A star (*) denotes a significant difference in the number of pathological connections between the AD and FTLD groups (p < 0.01 FDR corrected). AD: Alzheimer's disease; FTLD: frontotemporal lobar degeneration. summarized in Table 3 . As compared to the univariate method, LDA provided a higher accuracy for differentiation of AD vs. HS and vs. FTLD but not for HS vs. FTLD. Accuracy of differentiation was highest for the SICE/SICS in all comparisons, reaching 83% for AD vs. FTLD; corresponding values for LDA and univariate method were 74% and 69%, respectively. Performance of SICE alone and regression tree is reported in the supplementary material. Overall, SICE appeared less accurate than the combination of SICE and SICS but more accurate than all other methods. The regression tree provided nearly identical results to those of the simple univariate method.
Discussion
Here, we report an optimized methodological approach for modeling metabolic connectivity at a group level, with a subsequent single-subject analysis. This covariance-based method was applied to differentiate between patients with mild AD and FTLD. Characteristic patterns of abnormal metabolic connectivity were found in both clinical entities. The proposed approach enabled a more accurate differentiation between two groups of patients than common uniand multivariate methods. So far, very few studies have examined metabolic connectivity/covariance in AD and none in FTLD. Morbelli et al. 12 reported reduced correlations of a cluster of AD-typical hypometabolism, prefrontal cortex, and hippocampus in probable AD. A voxel-wise seedbased method was adopted by Carbonell et al. 14 They found aberrant metabolic connectivity in ß-amyloidpositive subjects with MCI. Similar to our study, Sanabria-Diaz et al. 13 applied brain parcellation into a number of anatomical regions followed by construction of a metabolic connectivity pattern. The researchers revealed aberrant global and local network properties in patients with probable AD and MCI. Yet, the applied approaches do not allow individual subjects analyses as those required in clinical settings. We are aware of only one study that has tested the value of metabolic connectivity at a single-subject basis. 15 Using SICE, the authors could differentiate patients with probable AD from healthy subjects with a reasonable accuracy. Their approach provided a binary matrix, thus being insensitive to continuous changes in metabolic connectivity. To estimate magnitudes of non-zero entries in the IC matrix, we applied SICS. This method has been successfully utilized in the field of fMRI, 34 but so far it has not been adopted for PET image analyses. Of note, SICS (following SICE) allowed estimation of differences in metabolic connectivity strength and improved accuracy of differentiation between the groups. As compared to Huang et al. 15 we in addition applied an algorithm for optimal selection of the regularization parameter instead of its simple fixation. Not unexpectedly, higher (96% vs. 88%) accuracy of differentiation between patients with AD and healthy subjects was achieved in the present study, although more severely affected patients were included in Huang et al. 15 Using the proposed approach, we found altered within-lobe connections to be distributed according to the known pattern of regional involvement. That is, pathological connections were most numerous in the parietal lobe in AD, while in the frontal and temporal lobes in FTLD. In a comparison between the patients groups, more altered within-lobe frontal and temporal connections were found in FTLD, in line with a more pronounced hypometabolism in this clinical entity. 35, 36 Intriguing results were obtained by analyses of between-lobe connections. Whereas the number of abnormal frontoparietal and frontotemporal connections did not differ between AD and FTLD, significantly more abnormal parietotemporal connections were found in AD. In accord with this observation, integrity of the descending cingulate bundle, a major white matter tract connecting the medial parietal and temporal lobes, 37 was found to be more severely affected in AD than in FTLD, with the difference being non-significant though. 2 As major focus of this study, we tested the proposed covariance-based sparse approach for purposes of differential diagnosis at a single subject level. The method achieved accuracy of 83% in discrimination between mild AD and FTLD. As expected, higher accuracy was found in discrimination of patients from healthy subjects, i.e. 96% for AD and 86% for FTLD. Overall, these results are comparable with previous FDG-PET studies. 5, 6, 38 Given a high heterogeneity in study design and methodology, a numerical comparison with the literature would be inappropriate. For instance, an important feature of our work is very mild disease severity. That is, in the studies reported so far, the range of the mean MMSE scores was 14.0-22.3 and 15.5-22.5 points for AD and FTLD populations, respectively (compare with 24.5 and 25.5 points in our study). Hence, we confronted these results with established quantitative methods such as univariate analysis and LDA. The proposed approach outperformed both methods. Indeed, as compared with the univariate analysis, the proposed algorithm considers not only information about regional intensity but mainly covariance information. In terms of SICE, the regional information is represented by the estimated vector of mean regional intensities, while covariance information by the estimated IC matrix. Whereas LDA can also be regarded as covariance method, it involves MLE. As in detail described in Materials and methods section and in supplementary material, reliable MLE requires the data sample size n to be substantially larger than the number of variables p, in our case VOIs, i.e. n 4 1 2 p p þ 1 ð Þ. This condition is rarely satisfied in PET studies, where samples of n < 50 are commonly used. In contrast, even a rather coarse brain parcellation scheme such as AAL provides 116 VOIs. In this case MLE is ill-posed, 39 while sparse multivariate analysis adopted here robustly estimates covariance even for n 5 p. 24 Visual image rating in clinical routine is supported by univariate techniques as implemented in popular image analysis tools like NEUROSTAT/3D-SSP (http://128.208.140.75/$Download) and SPM (http:// www.fil.ion.ucl.ac.uk/spm). Although the power of multivariate techniques in research settings is well established, their application in the daily routine has been problematic. So far, one group of studies has segmented whole brain glucose metabolism into implicit clusters using principal or independent component analysis, followed by MLE of covariance. [40] [41] [42] The analysis of only a few main components allows avoiding large errors in covariance estimation when applied to limited PET samples. However, the resultant clusters do typically not correspond to anatomical regions, limiting interpretation and consequently, clinical application. In another group of studies like in our one, the brain is partitioned into explicit regions, i.e. anatomical structures according to various brain atlases. 8, 43 Here, the number of employed VOIs is usually larger than the number of available PET images, precluding accurate MLE of covariance. Therefore, these studies are limited to (explorative) correlation analyses. In contrast and as mentioned above, the method applied in the current study is robust to small sample sizes. In addition, the approach generates a metabolic differentiation pattern in the form of a color map that is based on proper anatomical regions ( Figure 4 ). These advantages favor testing this method in clinical settings.
As a major study limitation, we defined pathological connections as correlations whose strength was significantly different from that in the healthy state. Such definition corresponds to the nature of the connectivity pattern, which captures the relationships as a whole, i.e. pattern, and does not discriminate between stronger/ weaker covariance/correlations. Basically, such discrimination is possible, but more subjects (at least n > p) would be necessary for reliable estimation of the IC matrix with more elements. Future studies with larger datasets should explore the direction of changes in correlation strength. Further, to minimize inflated accuracy due to data overfitting, the robustness of classification was tested using a leave-one-out crossvalidation. Although this technique is recommended for evaluating classifier performance with small samples, an independent dataset would allow a more robust validation. Yet, this limitation concerns to the same or similar extent all methods, such that the comparison between the methods should actually not be biased. Further, a detailed neuropsychological testing was not available for most HS. Consequently, we cannot exclude that some HS had very mild cognitive deficits that were not evident clinically and not perceived by subjects themselves. Thus, the provided specificity values might be underestimated. Finally, gender distribution differed between the patients (about 3/5 males) and healthy (about 2/5 males) groups. Hence, putative, gender-associated variations in brain glucose metabolism might have biased the results. Again, however, two last reservations apply to all statistical methods tested, not favoring the proposed approach.
